. Activity of CRX-GFP promoter construct (CRXp-GFP) in vivo and in vitro, related to figure 1. DAPI staining indicates nucleus. Scale bar: 200 µm (C and D); 100 µm (A, B and E) (A) A functional test of CRXp-GFP promoter construct by in vivo electroporation in new-born mouse retina. GFP expression is observed in outer nuclear layer (ONL) of photoreceptors, whereas DsRed expression (under the control of CAG promoter) is observed in all transfected cells. RPE, retinal pigment epithelium; INL, inner nuclear layer; GCL, ganglion cell layer.
(B) Expression of pluripotent markers in the CRXp-GFP H9 hESC line.
(C) 3-D retina formation at day 30, when GFP+ cells begin to appear in neural retina (NR).
(D) GFP expression in hESC derived 3-D retina. The green signal at the basal side is autofluorescence, which is normally observed when the photograph is captured from floating aggregates. However, the real GFP+ cells can be easily distinguished on the apical side by cell shape (see arrowhead).
(E) GFP expression in NR section from 3-D d30 retina. 
Data Preparation and Analyses

Alignment and Transcript Quantitation
Qualitative assessment of the FASTQ files was evaluated using FastQC (http://www.bioinformatics.babraham.ac.uk/projects/fastqc/). The reference assembly GRCh37.p13 with transcript annotation Gencode 19 was used for alignment and quantitation. Transcript quantitation was accomplished by streaming read alignment from Bowtie2 [2] to eXpress [3] [4] [5] . Bowtie2 alignment settings were used as previously described [4] and eXpress setting -r-stranded was used for directional transcript analysis. Bias corrected effective counts were used for downstream normalization and differential expression analysis. Read alignments used for viewing in Integrated Genomics Viewer (IGV) [6] were performed using a 2-step alignment strategy employing TopHat2 [7] splice junction mapper keeping the alignment with the best alignment score. Reads were first aligned to the annotation GTF prior to aligning to the genome reference assembly using the default settings with the exception of the following options: -g 1 -library-type fr-firststrand -G <gtf file>. This study utilized the high-performance computational capabilities of the Biowulf Linux cluster at the National Institutes of Health, Bethesda, Md.
(http://biowulf.nih.gov).
Sample Batch Correction and Data Normalization
Principal component analysis (PCA) was applied to the FPKM values calculated by eXpress [3] to explore if any batch effect exists among GFP (+)
samples. The first principle component revealed that our data had a strong batch effect due to replicate production procedure (data not shown). Effective counts from eXpress were used to filter and to normalize the data via library size correction using the TMM method within the R (R Core Team, 2014, http://www.R-project.org/) package edgeR [8] [9] [10] [11] . Prior to normalization transcripts showing at least 1 Count
Per Million (CPM) in at least half of the samples within each time point were kept for further analysis. Design matrices were created for defining groups (time course) with and without batch definition, however, only the time course factor was used for TMM normalization. Limma [12] "RemoveBatchEffect" function was executed on log2 transformed CPM data. Batch corrected log2 CPM values were then converted to FPKM values prior to clustering. Affinity Propagation (AP) clustering [13, 14] was used to assess the success of the procedure. Row-wise average of undifferentiated sample values was added as the first column to the processed data after differential expression analysis. The same procedure was also applied to samples from undifferentiated and GFP (-) samples.
Differential Expression Analysis
Differential expression was performed using the edgeR likelihood ratio test from on a generalized linear model (glm), with day 37 as the intercept. In the glm, the batch factor was used as a blocking factor. Significance was defined as having a false discovery rate (FDR) less than or equal to 0.05, and 4697 transcripts fit this 
Cluster Analysis
Two types of clustering were used throughout the analysis of the data: Affinity Propagation (AP) and hierarchical clustering. Hierarchical clustering was used to reorder the transcripts within a cluster generated by AP. We have used the Pearson's
Correlation with simple Euclidean distance as the similarity measure as the input for AP via "CorSimMat()" function. The clustering function was executed for those 3157 significantly differentially expressed and 53 clusters were generated.
GO Analysis
Cluster results were analyzed with clusterProfiler [15] . Level analyzed by their semantic similarity [16, 17] . The resulting similarity matrix was analyzed with APcluster again to define the exemplar GO terms (where input parameter q was set as 0.85). The resulting exemplars where searched in the original data frame and the others were eliminated. The resulting data frame was plotted with a customized function written via ggplot2 components.
CRX Network Analysis
Several methods have been developed to infer high confidence networks from multiple high-throughput experimental data sets [18] [19] [20] [21] . We implemented a rank combined approach based framework [18] that allows flexibility in selection of data sets and preferred method/algorithm for individual tasks, such as differential expression analysis for knockout experiments, computing pairwise co-expression scores, etc. This framework was developed in R programming language and implemented a method to compute transcription factor to gene association scores in a ChIP-seq experiment as described in [18] . Limma R package [12] was used to perform differential expression analysis of knockout versus wild-type experiments.
High confidence targets (targets with averaged ranked score ≥ 1.5) of CRX were inferred from RNA-Seq (P21 wild-type and P21 knockout [22] ) and ChIP-seq 
